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Edited by Takashi GojoboriAbstract The development of 2D graph-theoretic representations
for DNA sequences was very important for qualitative and quanti-
tative comparison of sequences. Calculation of numeric features
for these representations is useful for DNA–QSAR studies. Most
of all graph-theoretic representations identify each one of the four
bases with a unitary walk in one axe direction in the 2D space. In
the case of proteins, twenty amino acids instead of four bases have
to be considered. This fact has limited the introduction of useful 2D
Cartesian representations and the corresponding sequences
descriptors to encode protein sequence information. In this study,
we overcome this problem grouping amino acids into four groups:
acid, basic, polar and non-polar amino acids. The identiﬁcation of
each group with one of the four axis directions determines a novel
2D representation and numeric descriptors for proteins sequences.
Afterwards, a Markov model has been used to calculate new nu-
meric descriptors of the protein sequence. These descriptors are
called herein the sequence 2D coupling numbers (fk). In this work,
we calculated the fk values for 108 sequences of diﬀerent polygal-
acturonases (PGs) and for 100 sequences of other proteins. A Lin-
ear Discriminant Analysis model derived here (PG =
5.36 Æ f1  3.98 Æ f3  42.21) successfully discriminates between
PGs and other proteins. The model correctly classiﬁed 100% of
a subset of 81 PGs and 75 non-PG proteins sequences used to train
the model. The model also correctly classiﬁed 51 out of 52
(98.07%) of proteins sequences used as external validation series.
The uses of diﬀerent group of amino acids and/or axes orientation
give diﬀerent results, so it is suggested to be explored for other dat-
abases. Finally, to illustrates the use of the model we report the iso-
lation and prediction of the PG action for a novel sequence
(AY908988) isolated by our group from Psidium guajava L. This
prediction coincides very well with sequence alignment results
found by the BLAST methodology. These ﬁndings illustrate the
possibilities of the sequence descriptors derived for this novel 2D
sequence representation in proteins sequence QSAR studies.
 2005 Federation of European Biochemical Societies. Published
by Elsevier B.V. All rights reserved.
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The rapid growth in additions to databases of DNA primary
sequence data have led to search methods to numerically char-
acterize these data and help in fast identiﬁcation and retrieval
of relevant sequences [1]. Some graphical representations of
DNA sequences have been given by Gate, Nandy, Leong,
Randic´, and Guo et al. based on 2D graphical representation
of DNA sequences. Raychaudhury and Nandy introduced
the ﬁrst-order moments of the x and y coordinates and the ra-
dius of the plot of a DNA sequence for indexing DNA se-
quences. Guo and Nandy introduced a novel 2D graphical
representation of DNA sequences of low degeneracy [2]. Nan-
dy, Nandy, and Basak proposed that some of these descriptors
can be used to index SNP related genes [3]. Nandy and Basak
also proposed a scheme to use these descriptors as a label to
help quantify the potential hazard of chemicals inducing muta-
tions and deletions in DNA sequences [4].
Li, Wang, and Liao associated a DNA sequence having n
bases with an n · n non-negative real symmetric matrix and
use its leading eigenvalue as well as its lower and upper bounds
are used as alternative invariants to characterize the DNA se-
quence [5]. They also outline an approach, which is based on
the construction of a three-component vector whose compo-
nents are the normalized leading eigenvalues of the L/Lmatrices
associated with DNA and applied it to the ﬁrst exon of globin
gene of diﬀerent species [6]. Liao also studied the geometrical
centers of the two-dimension graph of DNA sequences [7].
Randic´ et al. have gone beyond the 2D dimension and out-
lined the construction of a 3D ‘‘graphical’’ representation of
DNA primary sequences [8]. Later, Randic´ and Balaban ex-
tended these eﬀorts to 4D representation of DNA sequences
[9]. In general, many advances in 2D, 3D, and 4D DNA se-
quences representation appeared after the initial works [10–
14]. However, others reported the use of chaos theory to study
sequences of DNA and proteins [15–18].
Zupan and Randic´ used spectral-like and zigzag repre-
sentations not only for DNA but also for protein sequences.
These authors suggested an algorithm for encoding long
strings of building blocks (like four DNA bases, twenty natu-
ral amino acids, or all 64 possible base triplets into) ‘‘zigzag’’blished by Elsevier B.V. All rights reserved.
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can be derived in the 3-, 2-, or 1-dimensional form [19]. Finally,
hydrophobic cluster analysis (HCA) analysis constitutes an-
other well-known technique for the 2D representation of pro-
tein sequences [20–23]. Randic´ et al. ultimately approached
protein representations by using 2D schemes based on nucleo-
tide triplet codons or virtual genetic code [24,25].
Among all above-mentioned representations, the 2D graph
for DNA sequences embedded in a Cartesian space that assigns
one of the four bases to each axis direction is selected because of
its simplicity. Unfortunately, in the case of proteins to build up
a similar representation one should need to assign each one of
the twenty amino acids to one axis direction. Accordingly, such
a representation becomes a 10D space (impossible to be graph-
ically visualized). This is possibly the main reason for the scarce
application of this technique in the case of proteins. In the pres-
ent work, we propose an alternative Cartesian 2D representa-
tion for protein sequences. Next, we derive from the new
graphical representation numerical indices to characterize pro-
teins sequences. This step is of major importance for quantita-
tive-structure–activity-relationship (QSAR) studies, connecting
sequence information with biological properties or activity
[26,27]. Speciﬁcally, we develop herein the ﬁrst QSAR study
for plant cell well disintegrating polygalacturonases (PGs).
We selected this speciﬁc study as a practical problem to validate
the utility of the proposed numerical indices. Finally, we report
for the ﬁrst time the isolation and theoretical prediction of a
PG-like sequence from Dwarf guava.1 1 1 1 2 2 1 3 32. Materials and methods
2.1. Computational methods
We used a Markov model (MM) to codify information about pro-
tein sequences [28,29]. Speciﬁcally, in this work we introduced the
2D coupling numbers fk as numerical indices of the protein sequence.
The fk are deﬁned in analogy to other molecular descriptors derived
from the so-called MARCH-INSIDE (MARkovian CHemicals IN
SIlico DEsign) approach, which may be used either for small or large
bio-macromolecules of interest in biochemistry [30,31].
Speciﬁcally, the fk are deﬁned in analogy to the 3D Euclidean elec-
trostatic potentials (nk) recently used to study protein stability [32]. The
main diﬀerence between nk and fk is that the ﬁrst characterize real
world 3D protein structure and the second are derived in a hypothetic
2D space. This new 2D space may be used to fold the protein sequence
when one does not know the protein 3D structure and consequently
the QSAR study has to be based only in sequence.
The key of the method we propose to overcome the above-men-
tioned 10D space bottleneck is the previous grouping of the twenty
natural amino acids into only four groups. These four groups charac-
terize the physicochemical nature of the amino acids as: polar, non-
polar, acid, or basic. This classiﬁcation has been used for annotation
of protein fragment patterns and motifs [33]. Fig. 1 depicts the new
2D Cartesian representation for a given protein sequence (PG from
Dwarf Guava, accession number AY908988). Note that the new repre-
sentation is very similar to the ones previously reported for DNA but
contains a 20-types-of-amino acid sequence (proteins) instead of a
4-types-of-base sequence (DNA). In this ﬁgure we also depict the coor-
dinates of each node of the graph and the amino acids contained in the
node. Finally, we illustrate a composite graph for all sequences used:
PGs (red color), non-PGs (black), and highlight Dwarf Guava
AY908988 (blue).
Classiﬁcation as acid or basic prevails over polar/non-polar classiﬁ-
cation in such a way that the four groups do not overlap each other.
Subsequently, each amino acid in the sequence is placed in a Cartesian
2D space starting with the ﬁrst amino acid at the (0,0) coordinate. The
coordinates of the successive amino acids are calculated as follows in a
similar manner to that for DNA spaces [34]:(a) Increases in +1 (abscissas) for an acid amino acid (rightwards-step)
or,
(b) Decreases in 1 (abscissas) for a basic amino acid (leftwards-step)
or,
(c) Increases in +1 (ordinates) for a polar amino acid (upwards-step),
(d) Decreases in 1 (ordinates) for a non-polar amino acid (down-
wards-step).
In this study, the classic matrix MARCH-INSIDE approach [35]
used for proteins has been adapted to characterize the new Cartesian
2D graphs. The method uses essentially three-matrix magnitudes:
(a) The matrix 1P (see Eq. (1)). This matrix is built up as a square ma-
trix (n · n) [36]. Note that the number of nodes (n) in the graph
may be equal or smaller than the number of amino acids or
DNA bases in the sequence [37]. The matrix 1P contains the prob-
abilities 1pij to reach a node ni with charge qi moving throughout a
walk of length k = 1 from a node nj with charge qj:
1pij ¼
aij  qjPn
m¼1aij  qm
ð1Þ
Ap0ðjÞ ¼
qjPn
m¼1qm
ð2Þ
(b) The charge vector 0Q. The method considers that a total charge or
weight (qi) can be assigned to each node. This charge of the node is
equal to the sum of the charges of all the amino acids coinciding in
the same node. So, to retain a more compact matrix notation all
charges are arranged as a column vector 0Q.
(c) The zero-order coupling number vector 0f (see Eq. (2)). This vector
lists the absolute initial probabilities Apk(j) with which a node se-
lected at random presents a given charge qj [38,39]. In supplemen-
tary material ﬁle Table 1SM we depict the calculation of some of
these elements for an example case.
The use of MM theory thus allows calculating the average charge
(fk) for any node nj that one can reach in the 2D sequence graph by
moving from any node ni throughout the entire graph using walks of
length k. Considering that the fk are discrete average values we deter-
mine them as the sum of two-terms products. The ﬁrst term is the
probability of reaching node nj by moving from any node ni through-
out walks of length k and the second the charge of the node qj (see
central member of Eq. (3) below)
fk ¼
Xn
j¼1
ApkðjÞ  qj ¼ 0fT  ð1PÞk  0Q ð3Þ
This fact determines that we call fk the 2D stochastic coupling numbers
in analogy to the classic 1D sequence coupling numbers very useful in
protein-QSAR [40]. Sequence coupling numbers encode the properties
of amino acids placed at diﬀerent distances in the sequence. By anal-
ogy, our 2D coupling numbers encode in a stochastic manner the prop-
erties (charge) of all the nodes placed at diﬀerent distances not in the
sequence (1D space) but in the 2D lattice. It is remarkable that these
average charges or 2D coupling numbers can be written using a MM
as the product of f0 and the natural powers of the matrix
1P based
on the Chapman–Kolgomorov equations [41] (see right member of
Eq. (3) above).
Note that the higher-order 2D coupling numbers fk depend only on
the absolute probabilities Ap0(j) of order 0, on the charges, and on the
matrix [42]. In particular, the evaluation of such expansions for k = 0
gives the order zero coupling number (f0); for k = 1 the short-range
coupling number (f1), for k = 2 the middle-range coupling number
(f2), and for k = 3 the long-range one. This expansion is illustrated
for the linear graph n1–n2–n3 characteristic of the sequence (Asp-
Glu-Asp-Lys); note that the central node contains both Glu and Asp:
f0 ¼ Ap0 n1ð Þ Ap0 n2ð Þ Ap0 n3ð Þ
  
1 0 0
0 1 0
0 0 1
2
64
3
75 
q1
q2
q3
2
64
3
75
¼Ap0ðn1Þ  q1 þ Ap0 n2ð Þ  q2 þ Ap0 n3ð Þ  q3 ð3aÞ
f1 ¼ Ap0 n1ð Þ Ap0 n2ð Þ Ap0 n3ð Þ
  
1p11
1p12 0
1p21
1p22
1p23
0 1p32
1p33
2
64
3
75 
q1
q2
q3
2
64
3
75
¼Ap nð Þ  q þ Ap nð Þ  q þ Ap nð Þ  q ð3bÞ
Fig. 1. (a) Amino acids sequence and 2D Cartesian representation for a PG isolated from Dwarf Guava Genbank Accession No. AY908988, note
that a node may contain more that one amino acids which ensures graph compactness and node 1 have shape. (b) Composite graph for all sequences
used: PGs (red color), non-PGs (black), Dwarf Guava AY908988 (blue).
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f3 ¼ Ap0 n1ð Þ Ap0 n2ð Þ Ap0 n3ð Þ
  
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q1
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75 ð3dÞAll calculations were carried out with our in-house software BIO-
MARKS version 1.0 and included mutation and molecular descriptor
calculation [43].2.2. Experimental methods and materials
2.2.1. Genomic DNA isolation. Guava leaf tissue was ground in li-
quid nitrogen using a pre-cooled mortar and pestle. Genomic DNA
was isolated from leaves following a previously described protocol
[44]. The pellet was resuspended in 300 lL of water at 50 C. The
DNA solution was puriﬁed using a Qiagen Tip-500 column as per
manufacturer’s instruction (Qiagen GmbH, Germany).
2.2.2. PCR ampliﬁcations. PCR of 300 ng genomic DNA from leaf
tissue was performed by using 2.5 U Taq Pol (Gibco) in a reaction mix-
ture containing buﬀer Taq Pol 1· (Gibco), 1 mM each of dNTP,
1.5 mM MgCl2 and 2 lM of forward primer 5 0 ATY GGA ATY
Table 1
Classiﬁcation results training and validation of the model (Eq. (4)) and comparison of overall classiﬁcation (all cases together) with other coordinate
systems
Training Validation
% PGs Other % PGs Other
Results for the model (Eq. (4))
PGs 100 81 0 96.29 26 1
Other 100 0 75 100 0 25
Total 100 98.07
Up Down Left Right %PGs %Others %Total
Comparison with alternative coordinate systems
Polar Non-polar Basic Acid 99.07 100 99.51
Polar Non-polar Acid Basic 99.07 95.00 97.50
Aromatic Non-aromatic Basic Acid 95.14 95.23 95.19
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GCA ATN GT 3 0 in a total volume of 50 lL. Reaction was completed
in three steps using thermo-cycler Perkin–Elmer 2400 programmed as
follows: 5 min previous template denaturation at 94 C, the ﬁrst step:
1 min template denaturation at 94 C, 2 min primer annealing at
32 C with an increment of 1 C and 2 min primer extension at 72 C
for 5 cycles; second step: 1 min template denaturation 94 C, 2 min pri-
mer annealing at 45 C with an increment of 0.5 C and 2 min primer
extension at 72 C for 10 cycles; third step: 1 min template denatur-
ation 94 C, 2 min primer annealing at 55 C and 2 min primer exten-
sion at 72 C for 25 cycles plus a ﬁnal extension step at 72 C for 5 min.
The PCR was run in agarose gel 1% until visual band separation.
2.2.3. Cloning and sequencing. The band corresponding to approx-
imately 350 bp was puriﬁed using GEL Band Puriﬁcation kit (Amer-
sham Pharmacia Biotech). This PCR’s product was cloned into
pMOS-Blue vector (Amersham Pharmacia Biotech) and recombinant
selection was followed by white and blue colonies criteria using
DH5a cells in LB medium containing carbencillin at 100 lg/mL.
Sequencing was carried out at the MWG sequencing service (MWG-
Biotech, Ebersberg, Germany).Fig. 2. Simultaneous QSAR desirability analysis.
Fig. 3. (a) PCR with degenerated primers using guava’s genomic
DNA; (b) 1Kb ladder (Gibco BLR); (c) negative control without
genomic DNA.3. Results
3.1. QSAR study
Fruit softening happens during ripening process and is lar-
gely associated with breakdown of the fruit cell wall. The pri-
mary cell wall is composed of several polymers, including
cellulose, glycans and pectins, which are modiﬁed during fruit
ripening [45]. The cell wall disintegration occurs through the
action of hydrolases including pectinases such as polygalactu-
ronases (PG), pectate lyase (PL) and pectin methyl esterase
(PME) [46]. Polygalacturonase (PG) is the most intensively
studied of these cell wall modifying enzymes. The PG belongs
to a multi-gene family and various isoforms are expressed in
diﬀerent tissues at diﬀerent times and in response to diﬀerent
stimuli [47]. However, in spite of their importance, PGs have
not been studied yet with QSAR techniques. In general protein
QSAR studies are devoted to the study of human, animal, or
microorganism proteins whereas the QSAR study of biochem-
istry relevant plant proteins remain as a not well explored ﬁeld
nowadays [48].
In this study,we calculate the non-interacting (f0), short-range
(f1), middle-range (f2), and long-range (fk>3) new average cou-
pling numbers for 208 proteins, including 108 PGs. The afore-
mentioned descriptors were subsequently used to carry out a
LinearDiscriminantAnalysis (LDA) [49,50] with a random sub-
set of 156 protein sequences in order to recognize PGs between
heterogeneous series of proteins. The best model found wasPGactv ¼ 5:36  f1  3:98  f3  42:21 ð4Þ
The statistical parameters of the above equation were Wilk’s
statistic (k = 0.19) and error level (p-level <0.001) [49]. This
G. Agu¨ero-Chapin et al. / FEBS Letters 580 (2006) 723–730 727QSAR discriminant function classiﬁed correctly 207 out of 208
proteins used in both training and validation, with a high level
of accuracy of 99.51%. More speciﬁcally, the model classiﬁed
107/108 (99.07%) of PG proteins and 100/100 (100%) of other
proteins. The respective classiﬁcation matrices for training as
well as cross-validation are depicted in Table 1.
A validation procedure was subsequently performed in or-
der to assess the model predictability. This validation was
carried out with an external series of 27 PGs and other 25
proteins (see Table 1 at top). The present model showed an
average predictability of 98.07%. The present level of accu-Fig. 4. DNA sequence and RNA secondary structure for dwarf guava PG.racy is usually considered as very good by researchers using
molecular descriptors and LDA such as Cabrera-Pe´rez, Gon-
za´lez, Morales, and Marrero-Ponce [50–55]. Note that the on-
line Supplementary material supplies detailed information
about the code, name, species, number of amino acids, and
values of the electrostatic potentials in Tables 2SM and
3SM. The corresponding observed classiﬁcation, the pre-
dicted classiﬁcation, the posterior probability, and the use
of a sequence in training or validation was recorded in Tables
4SM and 5SM. Finally, the sequences for each protein are gi-
ven in Table 6SM.
Fig. 5. BLAST analysis for several PGs sequences using Psidium
guajava PG as query.
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of the proteins included. These results provide further evidence
for the robustness of the obtained results. Finally, we com-
pared the overall results obtained with the present coordinate
systems with those obtained for other systems with diﬀerent
group of amino acids. Note, at bottom of Table 1, that diﬀer-
ent results can be obtained with diﬀerent groups of amino
acids or non-equivalent orientation of the axis. For instance,
the present model has a total accuracy of 99.51% but inter-
change of acid–basic axis orientation change the total accuracy
to 97.5%. Otherwise, if one uses an alternative coordinate sys-
tem generated by changing polarity axe by aromatic/non-
aromatic amino acids axe the total accuracies is 95.19%. As
a consequence, for databases of other proteins and diﬀerent
biological activities we suggest to explore diﬀerent groups of
amino acids to create the axis.
The use of standardized coeﬃcients for Eq. (4) allows their
comparison and prediction of their inﬂuence in the PG activ-
ity. Eq. (4) assigns positive contributions to the PGs activity
for high short-range coupling number f1 = 5.36 and negative
for long-range coupling number f3 = 3.98. In any case,
inspecting the desirability proﬁles can show which simulta-
neous levels of the predictor variables fk produce the most
desirable predicted responses on the dependent variables, the
PG activity. Fig. 2 depicts the results for two-variable simulta-
neous desirability analysis, which coincides with the signs in
Eq. (4). Fig. 2 graphically illustrates that an increase in f1 is
desirable for the biological activity only if f3 simultaneously
decreases [50].3.2. Isolation and theoretical prediction of sequence from Dwarf
guava
The molecular biology experimental techniques have al-
lowed us to study novel bio-macromolecules not previously re-
ported, which are of importance for biochemistry [56]. The
experimental techniques used allowed us to isolate a new
DNA sequence from dwarf guava. The Genomic DNA solu-
tion was measured at 260 nm in a spectrophotometer reaching
a concentration of 2.2 lg/lL and its integrity was conﬁrmed in
agarose gel 0.8%. The sequencing of the band showed a frag-
ment of 360 bp and its nucleotide and amino acid sequence
is already published at GenBank (http://www.ncbi.nlm.nih.
gov) data base with accession number AY908988. Fig. 3 de-
picts the DNA sequence and the electrophoresis picture for
the experiment of isolation of this novel sequence.
As an illustrative example of the practical use of the model
we predicted the biological activity for this novel sequence
isolated by our group from Dwarf guava (Psidium guajava
L.). Guava’s fruits are climacteric, having short shelf life
and several problems derived from over-ripening and fruit
softening. These reasons led us to focus our theoretical study
on the predicting of PG in this species. First, we transformed
the DNA sequence illustrated in Fig. 3 into the protein se-
quence previously depicted in Fig. 1. Secondly, we derived
the 2D Cartesian representation for this sequence in the same
manner described in this text. Notably, this 2D representa-
tion is much simpler and involves less time-consuming calcu-
lations than the RNA secondary structures used in classic
MARCH-INSIDE studies. Fig. 4 depicts the nucleotide se-
quence and the secondary structure of AY908988 for com-
parative purposes [57].Next, we calculated the f1 = 25.09 and f3 = 20.26 values for
this sequence. Finally, using the QSAR model we can predict a
high probability (>0.99) for this sequence to act as a PG. These
results were conﬁrmed with a BLAST study using the present
sequence as query [58]. This study graphically illustrated in
Fig. 5 shows a high similarity between AY908988 and several
other PGs.
4. Conclusions
As a preliminary conclusion, the work described here intro-
duces a novel method to represent protein sequences. The
method groups all amino acids into four physicochemical by
characteristic classes (acid/basic, polar/non-polar) allowing
2D instead of 10D representation. The numerical parameters
derived fk are analogues of 3D real electrostatic potentials nk
can be also identiﬁed as 2D analogues of the 1D coupling num-
bers. The new parameters may be used in QSAR studies when
one has an unknown protein 3D structure. The methodology
was validated in a QSAR study with PGs, possibly one of
the ﬁrst QSAR studies with plant proteins. The use of the
QSAR model was validated with the prediction of PG activity
for a new sequence isolated in this work from dwarf guava.
The prediction coincides with BLAST analysis.
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